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regular with very high heart rate for sinus tachycardia, whereas very low heart rate for sinus
bradycardia. The proposed algorithm detected the R-R intervals present in ECG data are
irregular, and P wave is abnormal for atrial fibrillation. The results show that in normal ECG
sample, the R-R interval of consecutive R peaks is normally constant and the variation in the
heart rate is 7.5%. In the case of abnormal ECG sample, R-R intervals of consecutive R peaks
changes significantly, and variation in the heart rate exceeded to 7.5% once in the ECG sample.
In the case of sinus bradycardia, the rhythm is regular, and heart rate is less than 60, whereas in
the case of sinus tachycardia, the rhythm is regular and heart rate is greater than 100. In the case
of atrial fibrillation, irregular rhythm is observed and correlation coefficients of P wave are not
more than 74%.
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INTRODUCTION

E CG records the graphical activity of the Heart. P wave, R

peak, RR interval, QRS complex and T wave are five
important parameters in ECG (1). Sinus tachycardia and
sinus bradycardia are associated with normal heart rhythm
with high and low heart rate. In the case of atrial fibrillation,
an abnormal heart rhythm is observed in which rapid and
irregular heartbeats are found. Most of time, atrial
fibrillation is responsible for heart failure (2). Other than
heart failure, they may create some serious problem for the
patient. Thus, detection of these diseases is very important
atits earlier state for perfect treatment of these arrhythmias.
Automatic detection of any physiological signal is the first
step of an artificial intelligent based system to provide the
assistance (3). Previously, many efforts have been made for
the detection of Heart Rate variation. The normal ECG and
Arrhythmias has been calculated by investigating the
consecutive RR peaks in Arrhythmias (4). A. Ghodrati et al.
detected irregularities in the RR interval for atrial fibrillation
(5). RR-irregularities had measured by absolute deviation
method and differences between two consecutive RR-
intervals. S. Kodituwakku et al. perform time frequency
analysis of AF. The algorithm has applied to simulate
electrocardiogram with atrial fibrillation samples (6). ECG
was generated by a method of the dynamical model.

Generated ECG was reconstructing by removing P-waves and
adding an atrial fibrillation signal. R. Shouldice et al. analyzed
two intervals, PR interval and PP- interval (7). By an analysis
of PP-intervals and PR-intervals under different conditions,
independent and dependent nature of the automatic control
of the two main cardiac pacemakers may be illuminated. .
Cauderc et al. analyzed the P-wave using morphology
technique (8). P-wave segment was detected by taking 256
ms interval started from 355 ms to 100 ms before R-peak.
Meyer’s orthogonal wavelet transformation had used to
divide 256ms into 255-wavelet coefficient. Further, the de-
noising of ECG data may improve the better detection of
heart rhythm. Previously, many filters have been proposed
for de-noising of biological signals (9-11). The de-noising of
data suppress the noise, however, degrades the information
contents of the signal. Recently, a prospective technique has
been developed where noise can be utilized to enhance the
information of the signal, called stochastic resonance (SR)
(12). Further, the ECG data can be adaptively de-noise using
optimized SR (13-16).

The motivation of the present work is to develop an
algorithm to detect Sinus tachycardia, sinus bradycardia and
atrial fibrillation that could be applied to clinical practice as
a diagnostic test. The major objective for the design of the
detection method is to create a framework that would detect
patient’s electrocardiogram (ECG) that have characteristics
of sinus tachycardia and sinus bradycardia. This was
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achieved by heart rhythm analysis and analysis of P-wave,
QRS complex ST segment and T-wave. The organization of
present article as follows. The material and methods section
shows framework and experimentation. Section 3 shows the
results obtained using proposed algorithm. Finally, section 4
concludes the proposed work.

MATERIAL AND METHODS

Sinus tachycardia related to high heart rate while sinus
bradycardia is due to low heart rate. Atrial fibrillation is due
to the rapid rate of atrial depolarization. In the case of atrial
fibrillation atrial contraction take place very fast, electric
heart rhythm is irregular and hence, the P-wave get
disturbed.

Features of detection of sinus tachycardia and sinus
bradycardia are: (i) Regular heart rhythm, (ii) Normal P-
wave, (iii) High or low heart rate. Features for the detection
of atrial fibrillation are: (i) Irregular heart rhythm, (ii)
Disturbed P-wave.

Heart Rhythm Analysis and Heart Rate Calculation

RR intervals are used to calculate the heart rate and analyze
the heart rhythm. Heart rate can calculate by calculating R
peaks in one minute. Fig. 1 shows the block diagram of heart
rhythm analysis. The proposed algorithm is used to detect
consecutive RR intervals. This experiment considered seven
consecutive R peaks for the detection of variation in the
heart rate, which is further used to detect the Arrhythmia.
The proposed algorithm is tested on ECG obtained from MIT-
BIH normal sinus rhythm database (nsrdb) and Physiobank
intracardiac atrial fibrillation database (iafdb) (17, 18).

. Detection of
Detection of A
ECG data [—] RR interval —>| variationin [—

Heart Rate

Plot RR peak
interval

Fig. 1 Block diagram of Heart rhythm analysis
Detection of P-wave

Detection of P-wave is important for the analysis of AF. P -
wave can be detected by taking ECG sample from 350 ms to
50 ms before R peak (19). First, extract P-wave from
standard normal ECG, and then detects P-wave of ECG under
test. AF can be determined using the cross correlation
between standard P-wave and detected P-wave.

Detection of Sinus Tachycardia, Bradycardia & Atrial
Fibrillation

For analysis of Tachycardia, Bradycardia and Atrial
fibrillation, we need ECG sampled data, which are taken from
Physiobank database. Figure 2 shows the flow chart for the
detection of Tachycardia, Bradycardia and AF. First, Heart
rate is calculated from given ECG sample. After calculation of
heart rate, rhythm of heart rate is calculated. There are two
conditions in the rhythm analysis: (i) Regular rhythm, (ii)
Irregular rhythm.

Regular rhythm

If the rhythm is regular, there are three conditions: (a)
Normal ECG when the heart rate is between 60 to 100; (b)
Sinus Bradycardia when the heart rate is less than 60 and (c)
Sinus Tachycardia when the heart rate is greater than 100.

Irregular rhythm

RR- intervals were chosen as to analyze from ECG data for
atrial fibrillation, as this was the noticeable difference on the
ECG for fibrillation patients. This experiment also examines
RR-intervals for atrial fibrillation, since it has been observed
that the most of the patient data contained patterns of
irregularities. If the rhythm is irregular, then we calculate the
correlation between standard P-wave and seven consecutive
P-waves of ECG under test (20).

If the correlation of three P-waves out of seven consecutive
P-waves is less than 74%, then there is atrial fibrillation.
Since the P-waves have much lower amplitudes than R-peaks
and are easily impacted by noise. This can affect the accuracy
of the algorithm (21). In normal ECGs, the RR-intervals will
change based on the current state of the patient. While being
monitored, the patient may be sleeping, exercising, stressed,
resting or subjected to something else that may cause a
change in variability that does not attribute to a heart
arrhythmia. Thus, compared individual RR-intervals and test
for their variability, rather than looking at the entire data set

as a whole.
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Fig. 2 Flow chart for detection of Atrial Fibrillation HR
RESULTS AND DISCUSSION

The performance of the algorithm is evaluated on four
databases. These four databases are MIT-BIH normal sinus
rhythm database (nsrdb), Superventricular, Arrhythmia
database (svdb), atrial fibrillation database (afdb), and
Arrhythmia database (adb). In MIT- BIH normal sinus
rhythm database, super ventricular arrhythmia database
and Atrial fibrillation ECGs are sampled at 128 Hz while
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Sampling rate in MIT-BIH Arrhythmia database is 360 Hz. RR interval = dpp* sampling time
MIT- BIH normal sinus rhythm database contains 48 half-

hour excerpts of two channel ambulatory ECG recording. Where dpp is the position difference between two

Tables (1 to 6) provide the result related to various ECG consecutive R peaks. If rhythm is irregular, then it may be
beats analysis using proposed algorithm. The RR intervals Atrial Flutter, or Atrial Fibrillation, or sinus Arrest (19). PP
measure digitized ECG signals, which were first processed to or RR intervals are frequently used in heart rate variability
detect the R wave and its position (22, 23). This process is study.

further repeated for recognition of next R peak and its
position. The RR interval can be calculated as given follows:

Table 1 Analysis of normal ECG

ECG R12 HR1 R23 HR2 R34 HR3 R45 HR4 R56 HR5 R67 HR6
No. Samples Bpm Samples Bpm Samples Bpm Samples Bpm samples Bpm samples Bpm
17052 114 67.3 115 66.7 110 69.8 110 69.8 116 66.20 113 65.08
16795 107 71.7 112 68.5 114 67.3 123 62.4 121 63.47 117 65.64
16786 108 711 110 69.8 103 74.5 108 711 111 69.18 107 71.77
16539 96 80 99 77.5 96 80 90 85.3 89 86.33 94 86.29
16483 81 94.8 79 97.2 79 97.2 80 96 80 96 80 96
16420 81 94.8 79 97.2 82 93.6 82 93.6 78 98.46 79 97.21
16272 125 61.44 123 62.43 123 62.43 122 62.95 123 62.43 125 61.44
16273 78 98.4 77 99.7 77 99.7 78 98.4 78 98.46 79 97.21
16265 77 99.7 78 98.5 77 99.7 79 97.2 79 97.21 79 99.74

R12- Sample difference between first and second R peak, HR1- Heart rate calculated by R12, R23- Sample difference between second and third R peak, HR2-
Heart rate calculated by R23, R34- Sample difference between third and fourth R peak, HR3- Heart rate calculated by R34, R45- Sample difference between
fourth and fifth R peak, HR4- Heart rate calculated by R45

Table 2 Variation in RR peak interval in normal ECG

ECG No HRav % % % % % %
Bpm (HR1)v (HR2)v (HR3)v ( HR4)v (HR5)v ( HR6)v

17052 67.99 1.01 1.89 2.66 2.66 2.63 4.28
16795 66.54 7.75 2.94 1.14 6.22 4.61 1.35
16786 71.26 0.22 2.04 4.54 0.22 291 0.71
16539 81.81 2.21 14.68 2.21 4.26 5.52 5.47
16483 96.20 1.45 1.03 1.03 0.20 0.20 0.20
16420 98.68 3.93 1.49 5.14 5.14 0.22 1.48
16272 62.19 1.20 0.38 0.38 1.22 0.38 1.20
16273 98.68 0.28 1.03 1.03 0.28 0.22 1.48
16265 98.26 1.46 0.24 1.44 1.07 1.06 1.50

HRav =Average heart rate calculated from five RR intervals, HRav =(HR1+HR2+HR3+HR4+HR5+HR6)/6, %(HR1)v- % variation in HR1 from HRav, %(HR2)v-
% variation in HR2 from HRav, %(HR3)v- % variation in HR3 from HRav, %(HR4)v- % variation in HR4 from HRav, %(HR5)v- % variation in HR5 from HRav,
% (HR6)v- % variation in HR6 from HRav

Table 3 Analysis of Arrhythmia for suspected sinus tachycardia sinus bradycardia

ECG No R12 HR1 R23 HR2 R34 HR3 R45 HR4 R56 HR5 R67 HR6
" | Sample Bpm Sample bpm Sample bpm Sample Bpm Sample Bpm Sample Bpm
800 168 45.71 167 45.98 169 45.44 170 45.44 166 46.26 169 45.44
811 165 46.54 162 47.40 161 47.70 161 47.70 314 24.45 158 48.60
821 74 1083-7 73 105.40 75 102.40 74 103.78 74 103.78 56 137.14
823 80 96 80 96 81 94.81 79 97.21 79 97.21 79 97.21
107.
4043 139 017 ? 141 106.38 141 106.38 139 107.91 138 108.69 141 108.38
7910 258 58.13 259 5791 260 57.69 259 5791 259 57.97 260 57.69
823(2) 80 96 81 94.81 80 96 80 96 78 98.46 80 96
14046 105 73.14 103 74.56 100 76.80 99 77.57 616 12.46 103 74.56
124 449 48.10 426 50.70 434 49.76 436 49.47 455 47.47 441 48.97




Table 4 Variation in RR peak interval in Arrhythmias

ECG No HRav % (HR1)v % ( HR2)v % (HR3)v % ( HR4)v % ( HR5)v % (HR6)V
bpm
800 45.67 0.08 0.67 0.50 0.50 1.29 0.50
811 43.73 6.42 8.39 9.07 9.07 11.13 11.13
821 109.34 5.08 3.60 6.34 5.08 5.08 25.42
823 96.41 0.42 0.42 1.65 0.82 0.82 0.82
4043 107.27 0.59 0.82 0.82 0.59 1.32 1.03
7910 57.87 0.40 0.06 0.31 0.06 0.15 0.31
823(2) 89.45 7.32 9.44 5.99 5.99 10.07 7.32
14046 64.85 12.78 14.97 18.42 19.61 1.54 14.97
124 49.09 2.01 3.27 1.36 0.77 3.30 0.24

Result of Analysis for Atrial Fibrillation

ECG data from physiobank have used in the analysis of atrial
fibrillation. Samples are mainly taken from AF terminal
challenge and MIT-BIH normal sinus rhythm database
(NSRDB). The arrhythmia analyses have done in case of atrial
fibrillation as shown in Table 5. The correlation between two

healthy samples: 16786 and 16272 with thirteen AF samples
has been obtained, which is given in Table 6 and Table 7
respectively. It can be noted in Table 6 and Table 7 that the
correlation could not be obtained for standard P-wave and
first P-wave of few samples (-) because first P-wave of ECG
under could not be detected.

Table 5 Analysis of Arrhythmia

ECG R12 HR1 R23 HR2 R34 HR3 R45 HR4 R56 HR5 R67 HR6
No. Sample Bpm Sample Bpm Sample Bpm Sample Bpm Sample Bpm | Sample Bpm
n/02 98 78.36 93 82.58 95 80.84 115 66.78 99 77.57 90 85.33
n/04 97 79.17 68 112.94 76 101.05 101 76.03 78 98.46 73 105.20
n/05 121 63.47 79 97.21 79 97.21 81 94.81 99 77.57 68 112.94
n/06 92 83.47 64 120 160 48 143 53.70 102 75.29 127 60.47

n/07 141 54.46 33 232.72 101 76.03 33 232.72 68 132.41 128 60
n/08 65 118.15 69 111.30 89 86.29 86 89.30 72 106.66 94 81.70
n/09 109 70.45 87 88.27 97 79.17 93 82.58 128 60 99 77.57
s/02 87 134.7 89 86.29 60 128 83 92.53 53 144.90 53 144.90
s/03 90 85.33 129 59.53 124 601.93 148 51.89 155 61.44 112 68.57
b/11 83 92.53 157 4891 133 57.74 151 50.86 56 137.14 194 39.58
b/12 104 73.84 60 128 48 160 46 166.95 48 160 44 174.54
b/13 88 87.27 65 118.15 73 105.20 59 130.16 137 56.05 59 130.16
b/15 99 77.57 99 77.57 111 69.18 101 76.03 108 71.11 110 69.81
Table 6 Correlation table between first P-wave of 16786 with AF samples
AF Samples %R1 %R2 %R3 %R4 %R5 %R6 %R7
n/02 - 27.84 29.39 34.98 42.83 34.07 69.34
n/04 28.25 13.75 13.67 31.50 38.40 22.86 26.73
n/05 - 63.18 10.27 18.47 13.66 11.62 12.11
n/06 29.58 46.12 13.98 29.10 29.84 30.33 40.33
n/07 35.35 60.71 52.88 69.21 33.58 107.27 69.28
n/08 - 5.85 24.27 55.52 49.68 26.17 28.22
n/09 - 62.07 43.01 18.71 9.32 10.52 11.40
s/02 - 13.77 43.71 71.81 55.94 79.64 30.51
s/03 45.83 52.66 61.84 46.84 58.61 51.08 44.36
b/11 4.47 3.00 2.83 12.33 12.06 0.96 48.26
b/12 - 40.83 35.23 53.29 59.63 65.65 54.87
b/13 - 52.38 64.86 42.96 61.95 52.17 47.14
b/15 - 40.75 35.93 46.03 36.68 32.69 26.59
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Table 7 Correlation table between first P-wave of 16272 with AF samples

AF Samples %R1 %R2 %R3 %R4 %R5 %R6 %R7
n/02 30.10 26.74 24.24 28.88 37.53 30.01 59.38
n/04 21.87 13.76 13.71 34.94 34.42 18.95 26.41
n/05 - 60.83 9.54 17.34 11.34 10.63 12.05
n/06 28.52 40.03 13.41 26.29 24.89 24.25 35.80
n/07 30.07 47.64 47.79 54.85 34.79 95.26 58.16
n/08 - 5.61 23.84 45.97 44.24 27.92 26.87
n/09 - 59.49 41.54 15.23 10.21 11.33 7.26
s/02 - 6.51 47.95 62.43 48.58 70.39 30.68
s/03 39.39 45.50 52.47 48.75 39.31 44.13 39.23
b/11 2.66 2.93 2.78 10.30 10.72 1.04 42.99
b/12 - 47.85 20.91 59.19 42.72 61.56 54.76
b/13 - 46.98 63.43 44.02 55.90 43.03 47.24
b/15 - 45.95 33.74 36.83 35.39 33.44 31.11

%R1 is the correlation percentage between standard P-wave and first P-wave of ECG under test, %R2 is the correlation percentage between standard P-wave
and second P-wave of ECG under test, %R3 is the correlation percentage between standard P-wave and third P-wave of ECG under test, %R4 is the correlation
percentage between standard P-wave and fourth P-wave of ECG under test, %R5 is the correlation percentage between standard P-wave and fifth P-wave of
ECG under test, %R6 is the correlation percentage between standard P-wave and Sixth P-wave of ECG under test, %R?7 is the correlation percentage between

standard P-wave and seventh P-wave of ECG under test.

CONCLUSIONS

This study concludes that in the case of normal ECGs, RR
interval is almost constant in consecutive R peaks and the
average variation in heart rate variation (%Hn) is 7.5%. On
the other side, in the case of abnormal ECGs, RR intervals in
consecutive R peaks changed significantly. Heart rate
variation (%Hn) exceeded by 7.5% from calculated average
heart rate (HRav) at least one time in ECG strip. The heart
rhythm has been found irregular during the analysis of atrial
fibrillation, and the correlation coefficients are
comparatively low. The correlation coefficients are not
exceeding 74%. If correlation coefficients exceed to 74%,
then there is no atrial fibrillation. The implemented
algorithm has been successfully detected the atrial
fibrillation, with high accuracy, and requires a simple user
interface.
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